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Abstract 
Groundwater is one of the major sources of water. Maintenance and management of this vital resource is so 
important in arid and semi-arid region. Thus, reliable and accurate groundwater measurement is essential to 
introduce as a basic data for any groundwater management study. Observation wells are adequate tools for 
monitoring groundwater level. It is clear that more wells lead to better illustration the groundwater map. The aim of 
this study is to find the appropriate number and location of wells, having maximum effect on improvement of 
accuracy of groundwater level map. The number of the added wells should be determined by considering both 
economic restrictions and the amount of improvement that caused by the added well simultaneously. Hence, genetic 
algorithm was employed to find the optimum number and location of the wells to be added. The objective function 
of this algorithm is to maximize the gradient of the inverse mean square error per number of added wells. 
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Ground water is a major source of supply for domestic, industrial and agricultural purposes, especially in arid and se 
arid regions. Management of this resource is very important to meet the increasing demand and climate change. 
Evaluating and analyzing groundwater level play important role in groundwater management and modeling.  
Groundwater level is measured by observation wells, so the number and location of the observation wells are two 
important items that should be considered to improve the accuracy of groundwater level map.   
 
For this purpose there are three methods: physical based, geostatistical and intelligent methods. The physical based 
models, like MODFLOW, are the main tools for understanding hydrological processes but large quantities of good 
quality data arerequired to run these models. Furthermore, they are time-consuming and must be well organized. In 
this regards, it is of high importance to develop a fast and cost-effective method for aquifer simulation, continuously 
with an acceptable accuracy [1]. 
 The intelligent systems are applied wieldy in hydrology and one of the most important features of them is their 
ability to adapt to recurrent changes and detect patterns in a complex natural system. Many researchers have advised 
the intelligent systems as an accurate method. Amongst these researchers are Coulibaly et al. (2001), Daliakpouos et 
al. (2005),Mohanty et al .(2008), Bisht et al.(2009), Ghadampour et al. (2010), Hosseini and Nakhaei ( 2015), that 
they employed Artificial Neural Networks (ANN), Fuzzy and Anfis for aquifer  modeling in a variety of 
basins([2],[3],[4],[5],[6],[1]). The Neural Networks have also been previously applied with success in groundwater 
level predication [2]. 
 
Geostatistical methods are used widely to map groundwater level and they have become to the important technique 
in hydrology. The accuracy of the results of geostatistical methods have a highly dependence to input data which is 
coming from observation wells in aquifer. Indeed, each interpolation method comes with some drawback, and the 
reliability of the results from the interpolation strongly depends on external factors as input data and their spatial and 
temporal coverage. Kriging methods are one of the powerful interpolation schemes based on geostatistics ([7], [8], 
[9]). Therefore, kriging methods are widely applied in studying the spatial distribution of groundwater ([10], [11], 
[12], [13], [14]). Nevertheless, kriging methods usually have a common drawback of overestimate and 
underestimate, so that this drawback may decrease by adding the number of observation wells. It means that the 
larger number of observation wells leads to more accurate map. 
 
The aim of the paper is to find the optimal number and location of wells that should be added to the existing well 
network to minimize mean square error between artificial neural network and kriging with considering condition 
economic. 
 
1. 2. Material and method 
2.1. Case study  
Qazvin aquifer which is located in north-west of Iran, by 15559.45×106 m2, annual mean temperature of 13°C, 
annual precipitation about 0.320 m and cold, dry climate was selected as case study (fig. 1). Monthly groundwater 
level has been measured by 168 observation wells since 2008 to 2013 that is depicted in figure 1. Based on the 
monthly average groundwater level, average annual was established for all the wells, which varies from 1408.3m to 
1129.5 m with mean value of 1200.9m. 
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Fig.1. Case study, 168 observation wells location and groundwaterlevel contours 
 
2.2. Artificial Neural Network (ANN) 
Artificial neural network models are such ‘black box’ models with particular properties which are greatly suited to 
dynamic nonlinear system modeling [3]. In hydrological applications to date, the most widely used network is the 
Feed-Forward Neural Network [1]. The ANN typically consists of three layers, including input, hidden and output 
layers (fig.2). It is possible to have more than one hidden layer but single layer is common. The number of hidden 
layers, the number of nods and the transfer function of the hidden layer are determined by trial and error to obtaining 
precise and accurate output. 
 
 
 
 
 
 
 
 
 
 
 
Fig.2. Typical Feed- Forward Neural Network 
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2.3. Kriging 
The first step is to calculated experimental semivariograms which expresses the spatial dependence between 
neighboring observations. The semivariograms, ɣ (h), can be defined as one-half the variance of the difference 
between the attribute values at all points separated by h as follows [17]: 
 
ߛሺ݄ሻ ൌ ଵଶேሺ௛ሻ σ ሺܼሺݔ௜ሻ െ ܼሺݔ௜ ൅ ݄ሻሻ
ேሺ௛ሻ
௜ୀଵ        (1) 
 
Where Z (xi) indicates the magnitude of variable, and N (h) is the total number of pairs of attributes that are 
separated by a distance h. 
The experimental semivariograms were fitted with various theoretical models like spherical, exponential, Gaussian, 
linear and power by the weighted least square method. The adequacy and validity of the developed semivariograms 
model was tested satisfactorily by a technique called cross validation the most appropriate semivariograms was 
chosen based on the highest correlation coefficient (R2) and lowest Mean Squares Error (MSE) of data test. 
Mazandaranizaheh et al. (2015 a, b) investigated interpolation methods of groundwater level in Qazvin aquifer 
included artificial neural network and kriging. In that study a kriging toolbox, that was wrote by Lophaven et al. 
(2002) in Matlab[18], was used. They showed Gaussian was the most appropriate model that would be fitted to the 
data for kriging method. The most suitable feed-forward neural network configuration for that task proved to be two 
hidden layers with 6 and 33 neurons respectively. The sigmoid tangent function in hidden layers and linear function 
in output layer had been used as transfer function. They concluded that the artificial neural network, with the root 
mean square error and correlation coefficient equal to 20m and 0.97 respectively, was better than kriging. Also some 
estimated groundwater level points was estimated more than aquifer height surface by kriging wrongly ([19], [20]).  
2.4. Genetic algorithm  
In the field of artificial intelligence, a genetic algorithm (GA) is a search heuristic that inspire the process of natural 
selection. GA is an evolution program to use three randomized genetic operators: selection, crossover and mutation. 
The evolution starts by a random creation of an initial population of feasible solution. Fitness values are calculated 
by objective function. The selection operator is applied, which favours fitter solutions by devoting higher 
probabilities for their reproduction. Next step is that of crossover, the pairs of individuals based on selection 
operator is entered to mating pool and is carried out process crossover as probability. Finally, mutation process is 
applied with low probability. The new generation is replaced the old generation. The evolution cycle continues until 
a specified maximum number of generations are reached. 
 
2.5. Proposed model  
In the first step were taken all the data, included information of existent observation wells, new candidate points, 
parameters of GA and groundwater level map of candidate point which has been calculated by ANN. At the next 
step, one well is added to the existent observation wells, then a new groundwater level map is calculated by kriging, 
best location of new added well is calculated by GA, based on the objective function. For the second step two will 
be added and the best locations will be defined again. The process of adding well and find the best locations will be 
continued until the stop criteria are satisfied. The schematic view of the proposed method is illustrated in figure 3. 
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Find the location of new added wells by Genetic Algorithm  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Flowchart of the proposed method 
3.Result and Discussion  
As it mentioned before, optimal number and location of adding wells is the aim of this study. For this purpose, as it 
can be seen in figure 4, near to 1000 points are considered as the candidate point. In this way, if it is decided to add 
just one well to existing network, the number of variable would be 2000 (each candidate point is included 
groundwater surface), the same way for adding two well the number of variable would reach to 4×106. The best 
locations of added wells are found by Genetic Algorithm which its parameters are shown in table 1. The objective 
function is defined as follow: 
 
Maximize         (ቆσ ൫௒೔ǡಲಿಿି௒೔ǡೖೝ೔೒೔೙೒൯
మಿ
೔సభ
ே ቇ
ିଵ
                      (2) 
s.t: 
ሺݔǡ ݕሻ ك ܿܽ݊݀݅݊ܽݐ݁݌݋݅݊ݐݏ 
 
where, x and y is geographic coordinates of adding wells, N is the number of candidate points ,ࢅ࢏ǡ࡭ࡺࡺ  is 
groundwater level of the ith candidate point which is simulated by artificial neural networkand ࢅ࢏ǡࡷ࢘࢏ࢍ࢏࢔ࢍ  is 
groundwater level of the ith candidate point which is simulated by kriging. 
 
 
Yes 
No
Crossover 
Mutation 
Elitism 
 Fitness function by equation (2) 
End 
Terminationcondition was 
satisfied 
Start 
Add one well to 
existing wells (i) 
 i=i+1 
Take: 
1. Parameters of GA 
2. Information of  existent observation 
wells  
3. Candidate points  of new observation 
wells 
4.  Load groundwater level map of 
candidate point  which has been 
calculated by ANN 
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  Fig.4. 1000candidate points  
 
 
Table 1. Parameters of GA 
 
Population size Numberof variable Crossover 
percent 
Mutation 
percent 
Selection 
method 
Crossover method Elitism 
100 Depended to number of 
added well 
80% 10% tournament Arithmetic  Include 
 
According to the proposed algorithm, adding well and finding the best locations will be continued until the stop 
criteria are satisfied. In this study the stop a criterion is the efficiency of added well. Efficiency is defined by 
equation (3): 
 
ܧܨ ൌ
ቆσ ൫ܻ݅ǡܣܰܰെܻ݅ǡ݇ݎ݅݃݅݊݃൯
ʹܰ
݅ൌͳ
ܰ ቇ
െͳ
௠                 (3) 
 
Where m is number of the added well and EF is efficiency every added well.  
This process of adding well to existent wells will be continued until the efficiency of added wells stand up 
 the5×10-4. Figure 5 shows efficiency changes when adding wells vary from 1 to 12. 
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Fig.5. Efficiency of added well Thresh hold 
As it is clear from above figure, the most efficiency has been achieved by adding just one well and by adding more 
wells the efficiency has been decreased. The amount of the efficiency is smoothed at the end of figure. Finally, five 
wells were selected according to criteria intended which their locations were shown in the figure 6. 
 
 
Fig.6. Locations of the five added wells 
As the figure shown above, groundwater level contours indicate differences in location of added wells, that these 
differences show the effects of added well on groundwater level map. 
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4. Conclusion 
In this study, an algorithm is designed to find optimal number and location of adding wells to improvement of 
groundwater level map estimation in the Qazvin aquifer. The aim of the proposed algorithm was to reach better 
interpolation of groundwater level map. For this purpose, the efficiency of each added well was considered as 
criteria for stop the algorithm which in each step optimal location of added well were found by Genetic Algorithm. 
Five wells were found as the optimum number of adding well to aquifer, their locations were calculated also. 
Groundwater contours changed after adding these wells. 
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